Abstract: It has been well accepted that the folding energy landscape may resemble a funnel according to the theory of protein folding. This theory of "folding funnel" has been extensively studied and thought to play an important role in guiding the sampling process of the protein folding and refinement in protein structure prediction. Here, we have investigated the relationship between the "funnel likeness" of protein folding and the size/structure of the proteins based on a set of non-homologous proteins we have recently evaluated using a statistical mechanicsbased scoring function ITScorePro. It was found that larger proteins that consist of more helix/sheet structures tend to have a higher score-Root Mean Square Deviation (RMSD) correlation (or a more funnel like energy landscape).
Introduction
Determination of three-dimensional (3-D) structures of proteins is important for investigating their molecular functions and interaction mechanisms as well as computational structure-based drug discovery and design. Over the past decade, the field of protein structure prediction has significantly advanced and a number of computational algorithms and methods have been developed to predict protein structures from their sequences [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] . Current algorithms for protein structure prediction can be grouped roughly into two broad categories [11] : template-based modeling (or comparative modeling), which is often referred to as homology modeling, and ab inito modeling, which is also called first-principle modeling. In templatebased modeling, 3-D structural models are constructed based on the experimentally determined protein structures/templates in the Protein Data Bank (PDB) [12] that are similar to the protein to be modeled in terms of its sequence [13] . Unlike template-based modeling, ab inito modeling does not need a template for the whole sequence; instead, it assembles 3-D structural models from short fragments that are extracted from known protein structures or even build the 3-D structure "from scratch" by searching the conformational space of protein folding [14] [15] [16] [17] . One major challenge in template-based modeling or ab inito modeling is how to search the conformational space of the protein structure more efficiently so as to obtain structural models that are close to its native structure within a reasonable period of time [18] . In ab inito modeling, due to the large degrees of freedom from the unrestrained protein to be modeled, it is computationally prohibitive to sample all the possible structures in the conformational space of the protein. It is also impractical to sample too many conformations of a protein due to the speed limitation of scoring functions that are used to evaluate the quality of generated conformations based on calculated interaction energy scores [19] . Although there are restraints on the protein to be modeled in template-based modeling, its main chain can still be flexible to move within a significant range of distance depending on the used templates and the sequence similarity between the templates and the protein to be modeled. Therefore, it is still a challenge to search the conformational space of the main chain in order to include more near-native conformations during the refinement for the modeled structure [20] [21] [22] . Moreover, due to the sensitivity of current scoring functions such as van der Waals potentials to inter-atomic distance, there is a high requirement for the accuracy of protein structures used in rational drug discovery such as virtual database screening [10, 23] . However, side chains are free to move in both template-based and ab inito modelings, and thus side-chain conformational space will add additional difficulty to the challenge for accurate protein structure prediction.
Given so many degrees of freedom from both the main chain and side chains, it seems to be impossible to predict high-resolution conformations that are near their native structures. Fortunately, it has been found that the energy landscape of protein folding may be like a funnel but is to some extent rugged where the low-energy native and nearnative conformations are located at the bottom of the funnel and the non-native decoys tend to more energy unfavorable when moving away from the native state [24, 25] . Protein folding and/or structure refinement may be inherently governed by the funnel shape on the energy landscape, which would allow for fast finding the native state of a protein from where is far from the native structure without sampling and evaluating all the possible protein conformations. This would considerably reduce the computational cost in protein structure prediction, making the folding/refinement task possible within a practical time despite its large degrees of freedom. Therefore, the fact that the energy landscape of an ensemble of sampled protein conformations can form a funnel-like shape has become an important criterion when evaluating the performance of an energy scoring function for protein structure prediction.
Although the folding landscape may resemble a funnel for a protein according to the theory of protein folding, the size and shape of the folding funnels may be different for different proteins depending on the composition and length of their sequences as well as their native conformations [24] [25] [26] . Therefore, it would be useful to study the relationship between the folding funnel likeness with the folding energies and sequences as well as its native conformation, respectively. This would not only provide further understanding for the protein folding theory but also give guidance for the improvement and development of sampling algorithms in protein structure prediction and refinement. In a recent study, we have developed a statistical mechanicsbased method [27] [28] [29] , named ITScorePro [30] , to extract a set of atomic distance-dependent potentials for protein structure prediction. Tests on a set of highresolution decoys of 148 proteins showed a high success rate in distinguishing native structures from decoys and a high correlation between the energy scores and Root Mean Square Deviation (RMSD) of the decoys. Since the score-RMSD correlation is an important indication/measurement of the folding funnel likeness, the scoring function ITScorePro may serve as an example scoring function to study the energysequence/structure relationship of protein folding from the energy landscape perspective.
Materials and Methods
Here, we have investigated the energy scores of the decoy sets of 148 proteins calculated by ITScorePro [30] . The 148 proteins are part of the nonhomologous proteins that were selected by Zhang and Skolnick for evaluating their protein structure prediction algorithm [31] . All the proteins are single domains with less than 35% of their sequence similarities and length between 41 and 200 amino acids as well as a fair representation of ', ", and '=" proteins. Each protein has 500-1600 High Resolution (HR) decoy conformations that were constructed by Floudas and colleagues using the Nuclear Magnetic Resonance (NMR) structure refinement program Dynamics Algorithm for Nmr Application (DYANA) [32] under the distance restraints among the residues within the hydrophobic core of the protein [33] . Numerous decoys for each protein in the test set give a good sampling of protein conformations around the native state on the folding energy landscape, which would provide a proper system for studying the relationship between the funnel likeness and other properties of proteins. All the decoys including the native structures have been evaluated and ranked by ITScorePro in the previous study [30] . The results were directly used for our analysis in the present study.
In the present study, the relationship between the two sets of variables is measured by the Pearson correlation where the coefficient can be calculated as follows:
where N is the total number of the proteins, k stands for the k-th protein, x and y are the values from two sets of variables, respectively, and hi denotes an arithmetic average. The correlation varies between C1 and 1. A correlation of C1= 1 corresponds to a perfect correlation/anticorrelation, and zero represents no correlation between the two sets of variables.
Results and Discussion
We have first studied the relationship between the folding funnel likeness and native conformation of the proteins where the correlation coefficient between the energy scores and RMSDs of the decoys is used as a measurement of the folding funnel likeness. Figure 1 shows the native structures and score-RMSD correlation coefficients of 48 selected proteins with correlation coefficients ranging from 0.19 to 0.95. Several features can be observed from the figure. First, the better-structured proteins tend to have a higher score-RMSD correlation (or a better funnel likeness). Namely, those proteins with more structured segments such as helices and sheets tend to have a better funnel-like energy landscape, and those proteins with more coil structures seem to have a lower score-RMSD correlation. The protein with the worst score-RMSD correlation is 1g9pA with a correlation coefficient of 0.19, which only includes a few short helical structures with a long unstructured terminal (Fig. 1) . The protein 1jfuA, which is formed with several long well-structured helical and sheet segments, gives the highest correlation with a coefficient of 0.95. Another feature that can be seen from the figure is that the proteins including both helical and sheet structures tend to have a high correlation (e.g., 1b4sA, 1jmvA, 1dqgA, 1h8mA, 1doaB, 1lgbC, and 1jfuA), whereas those proteins with fewer types of well-defined secondary structure (helix or sheet) often have a lower score-RMSD correlation (e.g., 1g9pA, 1occJ, 1g1xC, and 1abtA). From the figure, one can also see that larger proteins tend to have a higher score-RMSD correlation. In other words, the longer the length of the sequence is for a protein, the higher the score-RMSD correlation. This can be seen by examining the plot between the score-RMSD coefficient and length/size of the proteins in Fig. 2a . From the figure, one can see that there is a fair relationship between the score-RMSD coefficient and length of the proteins with a correlation coefficient of 0.44. Actually, the three notable features in Fig. 1 are inter-connected to each other. Since larger proteins have a longer protein chain/sequence, they have a higher chance to form more interacting secondary structures like helices and sheets, resulting in a better-structured conformation and thus a higher score-RMSD correlation. In other words, in order to form a certain type and number of helical/sheet structures, the sequence of a protein must be long enough. Otherwise, there will be fewer types of helical/sheet secondary structures formed due to the limitation of the short sequence, and the score-RMSD correlation would also be lower for the protein.
Next, we have examined the relationship between the score-RMSD correlation coefficients and lowest energy scores for the decoys of 148 proteins, which is shown in Fig. 2b . It can be seen from the figure that there is also a fair correlation between the score-RMSD correlation coefficients and lowest energy scores with a coefficient of 0:46. The relationship can be understood because larger proteins with more helical/sheet secondary structures would have more inter-atomic contacts and thus give a lower energy score. In other words, the correlation between the score-RMSD correlation coefficient and lowest energy score is directly related to the correlation between the score-RMSD correlation coefficient and length of the proteins, as discussed above. This may explain the comparable correlations of these two relationships (0.44 versus 0:46).
Since the Z-score is a commonly used parameter to evaluate the performance of a scoring function in protein structure prediction, we have also examined the relationship between the score-RMSD correlation coefficient and Z-score of the proteins shown in Fig. 2c. From Fig. 2c , one can see that the correlation between the two parameters is relatively weak with a Fig. 1 Three-dimensional conformations of the native structures for 48 selected proteins with a wide range of coefficients in their score-RMSD correlation where the structures are shown in ribbons and colored from blue to red from N-terminus to C-terminus. Each protein is labeled by its score-RMSD correlation coefficient followed by its PDB code/chain id with a " " in between. The ribbon pictures were prepared using the UCSF Chimera [34] .
low correlation coefficient of 0.12. In other words, a high correlation between the scores and RMSDs does not mean a large Z-score. This may be understood because they are two quite different parameters that are used to measure different properties of a protein. The Z-score measures the separation between the native fold and the average of an ensemble of decoys in the units of the standard deviation of the ensemble, which is more related to the stability of the native state for the protein [35] . However, the score-RMSD relationship actually reflects how the folding moves on the energy landscape, which is more related to the kinetics of the protein folding process [36] . Namely, the Z-score better describes a single native state compared to the average of other states, while the score-RMSD relationship primarily describes what energy landscape is represented by different states.
We have further examined the relationship between the Z-score and length (or size) of sequences of the proteins, which is shown in Fig. 2d . Figure 2d shows that there is some correlation between the Zscore and the size of the proteins with a coefficient of 0.27, although it is lower than the correlation (R D 0:44) between the funnel likeness (or score-RMSD correlation) and length of sequences for the proteins. The correlation difference may be due to the fact that the Z-score and score-RMSD correlation are different measurements for the folding states of a protein, as mentioned above. The dependence of Zscore and score-RMSD correlation on size of proteins also suggests that direct comparison of Z-score or score-RMSD correlation on different sets of proteins may lead to a biased conclusion due to their different sizes of proteins.
The score-RMSD correlation is an important parameter for the performance of scoring functions in protein structure prediction since it is an indirect measurement of protein folding funnel likeness. The higher the score-RMSD correlation calculated by a scoring function for a protein, the more funnel like the energy landscape score will be. This results in a more accurate prediction the scoring function gives for the protein structure. This is indeed the case, as shown in the relationship between the RMSD of best-predicted conformations and the score-RMSD correlation for the 148 proteins after excluding the native structures shown in Fig. 3 . There is a good correlation between the two measurement parameters with a coefficient of 0.56.
Conclusions
In summary, we have investigated the relationship between the protein folding funnel likeness in forms of score-RMSD correlation and the size/structure of the proteins based on a non-redundant set of proteins recently evaluated with the statistical mechanics-based scoring function ITScorePro. The results showed that larger proteins that have a high possibility to form more helical/sheet secondary structures tend to have a higher score-RMSD correlation or a more funnel like energy landscape. Another measurement in protein folding, the Z-score, has also shown some correlation with the size of the proteins. It was also found that those proteins with a better folding funnel likeness (or higher score-RMSD correlation) tend to have a betterpredicted conformation with a lower RMSD from their native structures, as expected. These findings will be beneficial for guiding the development of sampling and scoring function algorithms for protein structure prediction.
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